We propose subsequence based 16S rRNA data processing, as a new paradigm for sequence phenotype classification and biomarker detection. This method and software called DiTaxa substitutes standard OTU-clustering or sequence-level analysis by segmenting 16S rRNA reads into the most frequent variable-length subsequences. These subsequences are then used as data representation for downstream phenotype prediction, biomarker detection and taxonomic analysis. Our proposed sequence segmentation called nucleotide-pair encoding (NPE) is an unsupervised data-driven segmentation inspired by Byte-pair encoding, a data compression algorithm. The identified subsequences represent commonly occurring sequence portions, which we found to be distinctive for taxa at varying evolutionary distances and highly informative for predicting host phenotypes. We compared the performance of DiTaxa to the state-of-the-art methods in disease phenotype prediction and biomarker detection, using human-associated 16S rRNA samples for periodontal disease, rheumatoid arthritis and inflammatory bowel diseases, as well as a synthetic benchmark dataset. DiTaxa identified 13 out of 21 taxa with confirmed links to periodontitis (recall= 0.62), relative to 3 out of 21 taxa (recall= 0.14) by the state-of-the-art method. On synthetic benchmark data, DiTaxa obtained full precision and recall in biomarker detection, compared to 0.91 and 0.90, respectively. In addition, machine-learning classifiers trained to predict host disease phenotypes based on the NPE representation performed competitively to the state-of-the art using OTUs or k-mers. For the rheumatoid arthritis dataset, DiTaxa substantially outperformed OTU features with a macro-F1 score of 0.76 compared to 0.65. Due to the alignment-and reference free nature, DiTaxa can efficiently run on large datasets. The full analysis of a large 16S rRNA dataset of 1359 samples required ≈1.5 hours on 20 cores, while the standard pipeline needed ≈6.5 hours in the same setting. Availability: An implementation of our method called DiTaxa is available under the Apache 2 licence at http://llp.berkeley.edu/ditaxa. universally present in archaeal and bacterial microorganisms [4, 5, 6] . Particular regions of the 16S rRNA gene are amplified from degenerate primers and sequenced. After sequencing, reads are typically clustered based on their sequence similarity to each other and the resulting clusters are referred to as operational taxonomic units (OTUs). Three main strategies for creating OTUs have been developed: in the de novo OTU clustering scheme, input sequences are aligned against one another and OTU clusters created based on a user-specified percent identity cutoff (in practice mostly 97%) without comparisons to reference databases. The implementation of the de novo strategy is difficult to parallelize and therefore limited to small-scale datasets. Variations of this method, such as sub-sample open-reference OTU picking [7] or centroid-based greedy clustering approaches [8] accelerate this process and enable their application to larger datasets. Alternatively, in closed-reference OTU clustering, input reads are aligned to a set of cluster centroids defined in a reference database (containing clusters of previously identified OTUs) and will be reported as an OTU, if they align at a given threshold. This strategy will not report OTUs for novel taxa that are not part of the reference database, though. An advantage is the usual high quality of taxonomic assignments of the reference database, which can be used for taxonomic assignment of the OTUs from the community of interest. Finally, the open-reference OTU clustering scheme combines de novo and closed-reference picking, where input sequences are aligned against a reference database (such as Greengenes [9] ) and sequences that fail to match the reference are subsequently clustered de novo in a serial process [7] ). Individual algorithms for OTU clustering, post-and pre-processing have been combined to pipelines such as mothur [10], QIIME [11, 12] , USEARCH [13] and LotuS [14] .
Introduction
Microbial communities vary widely in their taxonomic structures and compositions [1, 2, 3] . The human microbiota fulfills important functions in supporting, regulating, and causing adverse conditions in their environment, motivating methods for inferring relationships between microbial taxa or functions associated with certain host phenotypes. Due to its low cost, a popular data type generated in microbiome studies, is 16S rRNA amplicon data. The 16S rRNA gene includes both variable and conserved regions and is challenging task, in particular for metagenomic samples, because of their high-dimensionality, sequencing errors, as well as other systematic biases, such as the presence of chimeric sequences [15] . One prominent biomarker example is the over-representation of the Firmicutes phylum in obese individuals compared to lean controls [26, 27, 28] . In case the over-representations are causal for the aetiology of the diseases, detection of such biomarkers might have potential therapeutic implications if disease progression can be reversed by targeting over-expressed causative species using emerging technologies such as CRISPR/Cas9 or phage-based targeting [29, 30, 31] . This is also true for biomarkers that are inversely related to disease progression, such as the over-representation of Akkermansia muciniphila in individuals with a healthier metabolic status and better clinical outcome after caloric restriction [32] . For many other diseases where a microbiological component is expected, such (combinations) of biomarkers yet have to be found. Even when the biomarkers fail to be causal, they may enable prediction of the disease state or disease sub-types, or suggest suitable therapies in personalized medical interventions.
Different methods have been developed to identify OTU-based biomarkers [33] . The most widely used method is linear discriminant analysis effect size (LEfSe), which has a particular focus on high-dimensional class comparison for metagenomic analysis and determines features (such as taxa, OTUs, genes or clades) most likely to explain differences between two or more classes from relative OTU abundances [34] . This method uses the non-parametric factorial Kruskal-Wallis (KW) sum rank test [35] . Several other with similar functionality exist that use different statistical tests over sample profiles based on OTU features, such as STAMP [36] , MetaStats [34] and MetagenomeSeq [33] ).
In this paper, we propose DiTaxa, an alignment-and reference-free, subsequence based paradigm for processing of 16S rRNA microbiome data for phenotype and biomarker detection. DiTaxa substitutes standard OTU-clustering by segmenting 16S rRNA sequences into variable length subsequences. The obtained subsequences are then used as data representation for downstream phenotype and biomarker detection. We show that DiTaxa outperforms the state-of-the-art approach in biomarker detection for synthetic and a number of disease-related datasets. In addition, DiTaxa performs competitively with the k-mer based state-of-the-art approach, outperforming OTU-features, in phenotype prediction.
Material and Methods

Datasets
Inflammatory Bowel Diseases
We use the largest pediatric Crohn's disease dataset available to date, described in [37] 1 , which covers different types of Inflammatory Bowel Diseases (IBD). This is a dataset of 1359 labeled 16S rRNA samples from 731 pediatric (≤ 17 years old) patients diagnosed with Crohn's disease (CD), 219 with ulcerative colitis (UC), 73 with indeterminate colitis (IC), and 336 samples verified as healthy. Sequencing was targeted towards the V4 hypervariable region of the 16S rRNA gene. We downloaded OTU representations of the samples from Qiita repository 2 obtained using QIIME pipeline [7] .
Rheumatoid arthritis
We downloaded read data (454 platform) of the 16S rRNA gene sequences of V1 and V2 rRNA for 114 fecal DNA samples of a rheumatoid arthritis (RA) study [38] from SRA (ID: SRP023463). OTU clustering was performed based on filtered reads (365.7k, 23.0%) of which 140,382 were unique and 119,217 singletons and resulted in 949 OTUs based on 97% identity. The OTU clustering pipeline is detailed in §2.3. 1 Available at: https://www.ncbi.nlm.nih.gov/bioproject/PRJEB13679 2 Available at https://qiita.ucsd.edu/study/description/1939
3/24
Periodontal disease
We use the data provided by Jorth, et al. [39] to differentiate between healthy and diseased periodontal microbiota 3 . This dataset consists of microbial samples collected from subgingival plaques from 10 healthy and 10 patients diagnosed with periodontitis. Sequencing was targeted towards the (V 4 − V 5) hypervariable region of the 16S rRNA gene. Similar to the RA dataset, we obtain the OTU features using the clustering pipeline detailed in §2.3.
Synthetic dataset
To evaluate DiTaxa in a known setting, we generated a dataset with synthetic samples using Grinder v. 0.5.3 [40] based on 1000 V4 regions of different genera of Green-genes (GG) sequences [9] . V4 regions were extracted from the Green-genes 13.8 databases using the forward and reverse primer sequences GTGCCAGC[AC]GCCGCGGTAA and ATTAGA[AT]ACCC [CGT] [AGT]GTAGTCC. To generate 16S rRNA datasets, the length b ias parameter was set to zero and the unidirectional parameter was set to one. To cover the full V4 region, the amplicon read length distribution was set to 300 and the fold coverage of the input reference sequence was set to 30. We specified the percent of reads in the amplicon libraries that should be chimeric sequences to 10%. We used default parameters for the specification of the chimera distribution resulting in 89% bimeras, 11% trimeras and 0.3% quadmeras. Sequencing errors were introduced in the reads, at positions that follow a uniform model using the default ratio of substitutions to the number of indels (4 substitutions for each indel). Two sets of samples were created, denoted as case and control samples with an average number of sequences in both groups of 29, 204 reads. While in the control set all 1000 genera were set to the same abundance (mean abundance set to 0.1%, 500 randomly selected GG V4 sequences (corresponding to unique genera) were enriched at equal levels in the case dataset (µ of non-selected genera set to 0.05%; µ of selected genera set to 0.15;). For both, the control and the case settings, 100 samples were generated, each with variations under the normal distribution (σ = 0.02). We processed the synthetic dataset using a standard pipeline consisting of USEARCH and UPARSE and generated 1,041 OTUs at 97% identity similarity, detailed in §2.3.
Nucleotide-pair Encoding
The idea of Nucleotide-pair Encoding (NPE) is inspired by the Byte Pair Encoding (BPE) algorithm, a simple universal text compression scheme [41, 42] , which has been also used for compressed pattern matching in genomics [43] . Although BPE had lost its popularity for a long time in compression, only recently it again became popular, but for a different reason, i.e. word segmentation in machine translation in natural language processing (NLP). BPE became a common approach for a data-driven unsupervised segmentation of words into their frequent subwords, which facilitate open vocabulary neural network machine translation and improve the quality of translation by reducing the vocabulary size [44, 45] . In this work, we adapt the BPE algorithm for splitting biological sequences into frequent variable length subsequences called Nucleotide-pair Encoding (NPE). We propose NPE as general purpose segmentation for the biological sequence (DNA, RNA, and proteins). In contrast to the use of BPE in NLP for vocabulary size reduction, we use this method to increase the size of symbols from 4 nucleotides to a large set of variable length biomarkers.
The input to NPE is a set of sequences. We treat each sequence as a list of characters (nucleotides in the case of 16S rRNA gene sequences). The algorithm finds the most frequently occurring pair of adjacent symbols in the sequences. On the next, we replace all instances of the selected pair with a new subsequence (merged pair as a new symbol). The algorithm repeats this process until reaching a certain vocabulary size or when no more frequently occurring pairs of symbols available. The obtained merging Data: Seqs = Set of 16S sequences from all samples, V = vocabulary size Result: S = Divided sequences into variable subsequences, Merge opt = merging operations Sym = {A, T,C, G}; S = list of Seqs, where each sequence is list of symbols ∈ Sym; Merge opt = stack(); SymbFreq = mapping symbol pairs in S to their frequencies; while |Sym| <V do sym1, sym2 = argmax (SymbFreq); S = merge all consecutive sym1 & sym2 into < sym1, sym2 > in S; Sym.push(< sym1, sym2 >); Merge opt.push(sym1, sym2); update(SymbFreq) ; // For efficiency purpose we only update the symbol pairs that overlap with occurrences of the affected pairs end Algorithm 1: Adapted Byte-pair algorithm (BPE) for segmentation of biological sequences (NPE) operations can be inferred once from a large set of sequences in an offline manner and then applied to an unseen set of sequences. A simple pseudo-code of NPE is provided in Algorithm 1.
Standard 16S rRNA gene processing workflow
To evaluate the performance of DiTaxa against the state-of-the-art, we used a standard 16S rRNA gene processing workflow employed in previous studies on 16S rRNA data [46, 47, 48] . Note that throughout this paper "the standard pipeline (STDP)" refers to this workflow: operations. Then the segmentation will be applied on sequences to segment sequences into variable length subsequences. We pick the vocabulary size large enough to obtain discriminative 16S rRNA subsequences considered as biomarkers. Each sample will be presented as a count distribution of its subsequences. We propose a bootstrapping scheme to investigate the sufficiency of shallow sub-samples to produce proper representation.
In a previous study, using a bootstrapping framework we showed that shallow sub-samples of 16S rRNA gene sequences are sufficient to produce a proper k-mer presentation of data for phenotype prediction [21] . Similarly, here we use bootstrapping to investigate sufficiency and consistency of NPE representation, when only a small portion of the sequences are used. This has two important implications, first, sub-sampling reduces the preprocessing run-time, second, it shows that even a shallow 16S rRNA sequencing is enough for the phenotype prediction. We use a resampling framework to find a proper sampling size. Let θ #npe (X i ) be the normalized NPE (with vocabulary size of #npe) distribution of X i , a set of sequences in the i th 16S rRNA sample. We investigate whether only a portion of X i , which we represent as x i j , i.e. j th resample of X i with sample size N, would be sufficient for producing a proper representation of X i . To find a sufficient sample size for X i quantitatively, we propose the following formulation in a resampling scheme. (i) Self-consistency: resamples for a given size N from X i produce consistent θ #npe ( x i j )'s, i.e. resamples should have similar representations.(ii) Representativeness: resamples for a given size N from X i produce θ #npe ( x i j )'s similar to θ #npe (X i ), i.e. similar to the case where all sequences are used. As presented in [21] , we measure the self-inconsistency (D S ) of the resamples' representations by calculating the average Kullback Leibler divergence among normalized NPE distributions for N R resamples (here N R =10) with sequences of size N from the i th 16S rRNA sample:
We measure the unrepresentativeness (D R ) of the resamples by calculating the average Kullback Leibler divergence between normalized NPE distributions for N R resamples (N R =10) with size N and using all the sequences in X i for the i th 16S rRNA sample:
where | x il | = N; ∀l ∈ {1, 2, · · · , N R }. We calculate the average overD Ri (N, k)'s for the M 16S rRNA samples:
Ri (N, #npe , N R ).
For the experiments on the datasets presented in §2.1, we measure self-inconsistencyD S and unrepresen-tativenessD R for N R = 10 and M = 10 for #npe ∈ {10000, 20000, 50000} with sampling sizes ranging from 20 to 20000. As shown in Figure 1 , the obtained NPE representation in the first component will be then used for two main use cases, i.e. phenotype prediction and biomarker detection.
Phenotype prediction
We used Random Forest (RF) classifiers [52] , which have shown a superior performance over deep neural network (deep multi-layer perceptron) and support vector machine (SVM) classifiers in phenotype classification for the size of datasets we use here [21, 22] . However, the provided implementation provides deep learning and SVM classifiers as well. For the disease phenotype prediction, Random Forest classifiers were tuned for (i) the number of decision trees in the ensemble, (ii) the number of features for computing the best node split, and (iii) the function to measure the quality of a split. We evaluate and tune the model parameter using stratified 10 fold cross-validation and optimize the classifiers for the harmonic mean of precision and recall, i.e. the F1-score, as a trade-off between precision and recall. We provide both microand macro-F1 metrics, which are averaged over instances and over categories, respectively.
We performed phenotype classification for a synthetic dataset (binary classification of 100 case samples and 100 control samples), a Crohn's disease dataset (binary classification of 731 Crohn's disease samples from 628 control or other diseases), and a Rheumatoid Arthritis (RA) dataset (44 RA disease subjects versus 70 control/treated/Psoriatic arthritis subjects). In order to evaluate the performance of NPE representation, we compare the classification performance of RFs over NPE features versus using OTUs, as well as k-mer features, which are considered as state-of-the-art approaches for disease phenotype prediction [21, 22] .
Biomarker detection and taxonomic analysis
The designed steps in DiTaxa for detection of differently expressed markers in the phenotype of interest are shown in the light purple background in Figure 1: 1. The first step is finding discriminative markers between two phenotype states using false discovery rate corrected two-sided χ 2 test over the median-adjusted presence of markers in the samples. Thus if a marker is presented within a sample at least as frequent as the median frequency across samples, we consider it as present, otherwise as absent. We discard insignificant markers using a threshold for the p-value of < 0.05. For the multi-phenotype case, a one-versus-all policy is used. In addition, 7/24 markers shorter than a certain threshold (< 50bps) will be discarded to ensure the markers are specific enough for a downstream taxonomic assignment.
2. The filtered markers go through a local BLAST [53] with EzBioCloud database as a local reference dataset [50] , covering 62,362 quality controlled reference sequences. We assign the taxon corresponding to the Lowest Common Ancestor (LCA) of the taxa annotated for the best hits of a marker in a reference taxonomy. The markers that cannot be aligned to the references will be marked as 'Novel' markers.
3. In the third step, we remove redundant markers based on their co-occurrence information using symmetric Kullback-Leibler divergence [54] :
where P m and P n are respectively normalized frequency distributions of m th and n th markers across all samples. Using (D KL sym = 0) to find identical markers, split the set of markers into equivalence classes. Subsequently, from each class we pick only one representative marker with the most specific taxonomy level, which its taxonomy information is confirmed by the majority of markers within the class. The selected markers at this step are our final set of biomarkers.
4. Our approach has three main outputs, first, a taxonomic tree for significant discriminative biomarkers, where identified taxa to the positive and negative class are colored according to their phenotype (red for positive class and blue for negative class). The DiTaxa implementation for taxonomic tree generation uses a Phylophlan-based backend [55] . Second, a heatmap of top biomarkers occurrences in samples, where the rows denote markers and the columns are samples is generated. Such a heatmap allows biologists to obtain a detailed overview of markers' occurrences across samples (e.g., Figure 10 and Figure 11 ). The heatmap shows number of distinctive sequences hit by each biomarker in different samples and stars in the heatmap denote hitting unique sequences, which cannot be analyzed by OTU clustering approaches. The third output is a list of novel markers for further analysis of the potential novel organisms.
To compare the performance of our approach with a standard workflow (defined in §2.3) for real datasets, we used the scientific literature as the ground-truth. We extracted a list of organisms which are experimentally identified by previous studies to be associated with or cause periodontal disease. Then we evaluate the recall for DiTaxa and the standard workflow in the detection of the confirmed organisms.
To quantify the performance of DiTaxa in a known synthetic setting versus the standard pipeline, we generated two high-dimensional synthetic datasets denoted as 'case' and 'control', as described in §2.1. The description of the standard pipeline is provided in §2.3 generating a list of significant differently expressed OTUs for both phenotypes. We then compare the significantly enriched OTU sequences (FDR corrected P values < 0.05, LEfSe) and significant (FDR < 0.05) subsequences determined by DiTaxa as biomarkers with the ground-truth 16S V4 region using global nucleotide alignment with blastn v. 2.7.1+ with parameters "−perc identity100 − ungapped". We quantified the number of false positives (FP), true positives (TP), false negatives (FN) and true negatives (TN) based on the presence of significant alignments of potential biomarkers sequences (OTU or DiTaxa markers) to each of the 500 differentially Each point represents an average of 100 resamples belonging to 10 randomly selected 16S rRNA samples. Higher vocabulary size require higher sampling rates to produce self-consistent and representative samples. expressed GG 16S regions. TPs were calculated as the number of GG sequences (n = 500) with at least one marker hit from the positive marker list. FNs were calculated using case GG sequences (n = 500) without at least one marker hit from the marker collection found to be significantly enriched in the case set. TNs are the number of control GG sequences (n = 500) with at least one marker hit from the marker list that are significant in the control set. FPs were quantified as the number of low abundant GG sequences (n = 500) without at least one marker hit from the set of markers found in the control sample. Recall was calculated as T P/(T P + FN) while precision was calculated as T P/(T P + FP).
Results
Phenotype prediction
Bootstrapping for sample size selection
We picked a stable sample size for each NPE vocabulary size based on the output of bootstrapping in phenotype prediction. Each point in Figure 2 represents the average of 100 (M × N R ) resamples belonging to M randomly selected 16S rRNA samples, each of which is resampled N R = 10 times. As shown in Figure 2 , a larger vocabulary size require higher sampling rates to produce self-consistent and representative representations. As the structure of the curve does not vary a lot from dataset to dataset, to avoid redundancy, we only show the bootstrapping results for the rheumatoid arthritis dataset.
The classification results for different NPE vocabulary sizes on the synthetic, Crohn's disease, and rheumatoid arthritis datasets using RF classifiers are presented in Table 1 . All methods could reliably predict the affected cases in the synthetic dataset without any error. For the Crohn's disease dataset k-mers with the MicroPheno approach [21] achieved a slightly better prediction performance while using NPE and OTU features achieved the same macro-F1 of 0.74. In rheumatoid arthritis prediction, NPE and k-mers achieved a macro-F1 of 0.76, outperforming the use of OTU features by 11 percent. Changes in sample size did not substantially affect the prediction performance, suggesting sufficiency of shallow sub-samples in phenotype prediction using the NPE representation (Table 1) .
Biomarker detection and taxonomic analysis
Marker detection results for synthetic data
In the biomarker detection for the synthetic dataset, DiTaxa did not report erroneous (neither FN nor FP) biomarkers, which resulted in a recall and precision value of 1. In comparison, the biomarkers detected with a standard pipeline, using OTU clustering and LEfSe, included 51 false negative and 47 false positive instances, resulting in a recall and precision value of 0.898 and 0.905, respectively ( Table 2) . This evaluation demonstrated the superiority of DiTaxa for biomarker discovery compared to OTU-based approaches in both recall and precision. (Table 4 ). DiTaxa performed better in the detection of relevant taxa (Table 3 ). Of 21 taxa identified as relevant in other studies, 13 were detected by DiTaxa, while the standard approach detected only 3 from the same dataset. Notably, two taxa experimentally verified using mouse models, Fusobacterium nucleatum and Porphyromonas gingivalis, were only detected by Ditaxa. A detailed comparison of the predicted taxa with different methods and taxa with confirmed links by the literature is also shown in Figure 3 . . Taxonomy of differently expressed markers for samples from patients with periodontal disease versus healthy patients. The red color shows the disease associated taxa found by DiTaxa and the blue color indicates the up-regulated taxonomy in the healthy samples. The up-regulated organisms found by standard pipeline are colored in yellow and down-regulated organisms are colored to green. The intersection of DiTaxa and the standard approach is colored in orange for up-regulation and cyan denotes for the consensus of methods in down-regulation. When two methods disagree the organism is colored in gray. The node size is proportional to the number of markers confirming the taxa and the border boldness is proportional to the negative log of the markers' p-value. 
Taxonomy of discriminative biomarkers for rheumatoid arthritis
Comparative taxonomic visualization of detected differentially expressed markers for DiTaxa and a common workflow are shown in Figure 4 for samples from patients with untreated rheumatoid arthritis (new onset RA) versus healthy individuals. Taxa predicted by DiTaxa for samples from patients with untreated rheumatoid arthritis (new onset RA) versus healthy individuals had Prevotella copri as the most significantly ranked, which was confirmed based on shotgun metagenome analysis and in mouse experiments [64] , while the standard workflow only predicted the genus of this taxon as relevant [64] . DiTaxa also predicted Prevotella stercorea as implicated in new onset RA. The DiTaxa results for patient samples from several other diseases versus healthy individuals are provided in Figure 5 (for CD versus healthy), Figure 7 (for indeterminate colitis versus healthy), Figure 6 (for ulcerative colitis versus healthy), Figure 9 (for treated rheumatoid arthritis versus healthy), Figure 8 (for psoriatic versus healthy).
Biomarker heatmaps
Visualization of the occurrence pattern of the identified biomarkers is another output of DiTaxa. Examples of such a visualization for rheumatoid arthritis ( Figure 10 ) and periodontal disease ( Figure 11 ) are provided. The rows represent inferred biomarker sequences and are sorted based on the taxonomic marker assignments. The columns represent patient samples and are sorted firstly based on their phenotype and secondly based on their pattern similarity. 'Novel' organisms are shown in the top rows, denoting the markers that could not be aligned to any reference sequence and are therefore potentially novel taxa. The cell colors on the heatmap show the percentage of distinct marker sequences matching a biomarker per sample on a log scale. Markers targeting a single 16S sequence only are marked by a star.
The plots clearly show the varying "generality" of the inferred marker sequences, with some matching only to unique 1S sequences, and others found across larger numbers, indicating representation of different levels of evolutionary relatedness of the underlying targeted organisms. For instance, of the inferred samples. The red color shows the disease-associated taxa found by DiTaxa and the blue color denotes the up-regulated taxa in the samples from healthy individuals. The up-regulated organisms found by the standard pipeline are colored in yellow and down-regulated organisms are colored green. The agreements of DiTaxa and the standard approach are colored in orange for up-regulation and cyan denotes the consensus of both methods in down-regulated taxa. When the two methods disagree, the taxon is colored in gray. The node size is proportional to the number of markers confirming the taxa and the border boldness is proportional to the negative log of the markers' p-value.
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Runtime analysis
To assess computational efficiency, we compared the runtimes of DiTaxa versus the standard workflow ( Table 5 ). For both DiTaxa and the standard workflow 20 cores were used in computations. Workflow parts that could be parallelized for both pipelines are denoted with " " in Table 5 . The bottleneck for DiTaxa computation is the segmentation training, which cannot be parallelized. However, the segmentation needs to be trained only once for a dataset and then any combinations of phenotype analysis can use the trained segmentation and the subsequent representation. Although the standard pipeline for datasets of less than 200 samples has been few minutes faster than DiTaxa, DiTaxa can run faster for the dataset of 1359 samples (total of 93,93 min), while the standard pipeline tool 385,66 min using the same computational setting.
Discussion and conclusions
We describe DiTaxa, a method implementing a new paradigm for sequence phenotype classification and biomarker detection from 16S rRNA amplicon data. The main distinction of this approach from existing methods is substituting standard OTU-clustering [49] or sequence-level analysis [18] by segmenting 16S rRNA reads into the most frequent variable-length subsequences of a dataset. The proposed sequence segmentation, called Nucleotide-pair Encoding, is an unsupervised approach inspired by Byte-pair Encoding, a data compression algorithm that recently became popular in deep natural language processing. The identified subsequences represent commonly occurring sequence portions, which we found to be distinctive for taxa at varying evolutionary distances and highly informative for predicting host disease phenotypes. We compared the performance of DiTaxa to the state-of-the-art in disease phenotype prediction and biomarker detection, using human 16S datasets from metagenomic samples of periodontal, rheumatoid arthritis, and inflammatory bowel diseases, as well as a synthetic benchmark dataset. DiTaxa identified 13 of 21 taxa with confirmed links to periodontitis (recall= 0.62), while the OTU-based approach could only detect 3 of 21 organisms (recall= 0.14). In addition, we show that for the rheumatoid arthritis dataset, machine-learning classifiers trained to predict host disease phenotypes based on the NPE representation substantially outperformed OTU features (macro-F1 =0.76 compared to 0.65) and performed competitively for Crohn's disease and synthetic datasets. Taxa predicted by DiTaxa for samples from patients with untreated rheumatoid arthritis (new onset RA) versus healthy individuals had Prevotella copri as the most significantly ranked, which was confirmed based on shotgun metagenomic analysis and in mouse experiments [64] , while the standard workflow only predicted the genus of this taxon as relevant [64] .
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Samples tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggggaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaa  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcgggggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaa  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctggggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacga  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacggggttagatgcc  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggttgtgattcaagtcagctgtaaaaggatgcggcttaaccg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattggggagaacatcggtggcgaaggcgacttg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccag  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaag  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttagccg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctggggtgcgaaagccagggtagcaaa  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggatagg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcgggggcgaaggcgacttgctggccagtaa  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaa  cgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcagagatgttggtgtgccgcagttaacgcgataagcattccgcctggggagtacggtcgcaagattg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtg  cgaaggccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcagagatgttggtgtgccgcagttaacgcgataagcattccgcctggggagtacggtcgcaagattg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctgg  tgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcagagatgttggtgtgccgcagttaacgcgataagcattccgcctggggagtacggtcgcaagattg  aggtgggaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcagagatgttggtgtgccgcagttaacgcgataagcattccgcctggggagtacggtcgcaagattg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagata  ctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcagagatgttggtgtgccgcagttaacgcgataagcattccgcctggggagtacggtcgcaagattg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagatgccccggtagtcctggctgtaaacga  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcggagatgttggtgtgccgcagttaacgcgataagcattccgcctggggagtacggtcgcaagattg  ctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcagggatgttggtgtgccgcagttaacgcgataagcattccgcctggggagtacggtcgcaagattg  caagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcagagatgttggtgtgccgcagttaacgcgataagcattccgcctggggagtacggtcgcaagattg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacggga  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccaggg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagggg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaa  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcag  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgcaag  tgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctggggtgcgaaagccagggtagcaaa  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcg  caagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacga  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccaggaactgacgctgaggtgcgaaagccagggtagcaaa  cgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggggagg  aggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcagagatgttggtgtgccgcagttaacgcgataagcattccgcctggggagtacggtcgcaagattg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcgg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcggttgaaactggatgactggagtgctggagagg  tacgtagggggcgagcgttgtccggaattactgggcgtaaagggcacgcaggctgtgattcaagtcagctgtaaaaggatgcggcttaaccgtgtttagcagttgaaactggatgactggagtgctggagaggcaagtggaattcccagtgtagcggtgaaatgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcagagatgttggtgtgccgcagttaacg  tgcgtagatattgggaagaacatcggtggcgaaggcgacttgctggccagtaactgacgctgaggtgcgaaagccagggtagcaaacgggattagataccccggtagtcctggctgtaaacgatgaatgctaggtgtgcgagcagagatgttggtgtgccgcagttaacgcgataagcattccgcctggggagtacggtcgcaagattg  ↑  cgaaagcggggggagcaaacaggattagataccctggtagtccacgccgtaaacgatgatcattagtcggtgggagccactgacgcagctaacgcattaaatgatccgcctgagtagtatgctcgcaagagtg  cgaaagcgtggggagcaaacaggattagataccctggtagtccacgccgtaaacgatgatcattagtcggtgggggccactgacgcagctaacgcattaaatgatccgcctgagtagtatgctcgcaagagtg  cgaaagggtggggagcaaacaggattagataccctggtagtccacgccgtaaacgatgatcattagtcggtgggagccactgacgcagctaacgcattaaatgatccgcctgagtagtatgctcgcaagagtg  tgatcattagtcggtgggggccactgacgcagctaacgcattaaatgatccgcctgagtagtatgctcgcaagagtg  ↑  ttcccagtgtagcggtgaaatgcgtagatattggggggaacaccagtggcgaaggggg  cgaaagccaggggagcgaacgggattagataccccggtagtcctggccgtaaacgatggatactaggtgtaggaggtatcga  tttttagtgagttgttccattctttagctcctagacctttagcagcaaggtccatatctgactttttgttaacgtatttagccacatagaaaccaacagccatataactggtagctttaagcggctcacctttagcatcaacaggccacaaccaaccagaacgtgaaaaagcgtcctgcggg  ttgctgccgtcattgcttattatgttcatcccgtcaacattcaaacggcctgtctcatcatggaaggcgctgaatttacggaaaacattattaatggcgtcgagcgtccggttaaagccgctgaattgttcgcgtttaccttgcgtgtacgcgcaggaaacactgacgttcttactgacgcagaagaaaacgtgcgtcaaaaa  ctacaggtagcgttgaccctaattttggtcgtcgggtacgcaatcgccgccagttaaatagcttgcaaaatacgtggccttatggttacagtatgcccatcgcagttcgctacacgcaggacgctttttcacgttctgg  ctctaatctctgggcatctggctatgatgttgatggaactgaccaaacgtcgttaggccagttttctggtcgtgttcaacagacctataaacattctgtgccgcgtttctttgttcctgagcatggcactatgt  tgattatcttgctgctgcatttcctgagcttaatgcttgggagcgtgctggtgctgatgcttcctctgctggtatggttgacgccgga  cctttagcatcaacaggccacaaccaaccagaacgtgaaaaagcgtcctgcgtgtagcgaactgcgatgggcatactgtaaccataaggccacg  ttcccagtgtagcggtgaaatgcgtagatattgggaggaacaccagtggcgaaggcgg  tcagttccatcaacatcatagccagatgcccagagattagagcgcatgacaagtaaaggacggttgtcagcgtcataagaggttttacctccaaatgaagaaataacatcatggtaacgctgcatgaagtaatcacgttcttggtcagtatgcaaattagcataagcagcttgcagacccataatgtcaatagatgtggtagaagtcgtcatttggcgagaaagctcagtctcaggaggaagcggagcagtccaaatgtttttgagatggcagcaacggaaaccataacgagcatcatcttgattaagctcattagggttagcctcggtacggtcaggcatcca  cagcaagaaccatacgaccaatatcacgaaaatagtcacgcaaagcattgggattatcataaaacgcctctaatcgggcgtcag  tggttggtttatcgtttttgacactctcacgttggctgacgaccgattagaggcgttttatgataatcccaatgctttgcgtgactattttcgtgatattggtcgtatggttcttgctgccgagggtcgcaaggctaatgattcacacgccgactgctatcagtatttttgtgtgcctgagtatggtacagctaatggccgtcttcatttccatgcggtgcactttatgcggacacttc  ctccttctgttgataagcaagcatctcattttgtgcatatacctggtctttcg  ↑  tgatgagtcgaaaaattatcttgataaagcaggaattactactgcttgtttacgaattaaatcgaagtggactgctggcggaaaatg  cctgtaggaagtgtccgcatacagtgcaccgcatggaaatgaagacggccattagctgtaccatactcaggcacacaaaaatactgatagcagtcggcgtgtgaatcattagccttgcgaccctcgg  aggcggtcaaaaagccgcctccggtggcattcaaggtgatgtgcttgctaccgataacaatactgtaggcatgggtgatgctggtattaaatctgccattcaaggctctaatgttcctaaccctgatgaggccgtccctagttttgtttctggtgctatggctaaagctggtaaaggacttcttgaagg  ttgtggcctgttgatgctaaaggtgagccgcttaaagctaccagttatatggctgttggtttctatgtggctaaatacgttaacaaaaagtcagatatggg  agaaaattcgacctatccttgcgcagctcgagaagctcttactttgcgacctttcgccatcaactaacgattctgtcaaaaactgacgcg  ctgggttacgacgcgacgccgttcaaccagatcttgaagcagaacgcaaaaagagagatgagattgaggctgggaaaagttactgtagccgacgttttggcggcgcaacctgtgacgacaaatctgctcaaatttatgcgcgcttcgataaaaatga  tagcaaggccacgacgcaatggagaaagacggagagcgccaacggcgtccatctcgaaggag  aggatattcgcgatgagtataattaccccaaaaagaaaggtattaaggatgagtgttcaagattgctggaggcctccactatgaaatcgcgtagagg  taccgatattgctggcgaccctgttttgtatggcaacttgccgccgcgtgaaatttctatgaaggatgttttccgttctggtgattcgtctaagaagtttaagattgctgagggtcagtggtatcgttatgcgccttcgtatgtttctcctgcttatcaccttcttgaaggcttcccattcattcaggaaccgccttctggtgatttgcaagaacgcgtactta  agtgccccgcatggaaatgaagacggccattagctgtaccatactcaggcacacaaaaatactgatagcagtcggcgtgtgaatcattagccttgcgaccctcgg  caaaaaatttagggtcggcatcaaaagcaatatcagcaccaacagaaacaa  gtatggttcttgctgccgagggtcgcaaggctaatgattcacacgccgactgctatcagtatttttgtgtgcctgagtatggtacagctaatggccgtcttcatttccatgcggtgcactttatgcggacacttcctacaggtagcgttgaccctaattttggtcgtcgggtacgcaatcgccgccagttaaatagcttgcaaaatacgtggccttatggttacagtatgcccatcgcagttcgctacacgcaggacgctttttcacgttctggttggttgtggcctgttgatgctaaaggtgagccgcttaaagctaccagttatatgg  ccacgtattttgcaagctatttaactggcggcgattgcgtacccgacgaccaaaattagggtcaacgctacctgtaggaagtgtccgcataaagtgcaccgcatggaaatgaagacggccattagctgtaccatactcaggcacacaaaaatactgatagcagtcggcgtgtgaatcattagccttgcgaccctcgg  ttgcatactgaccaagaacgtgattacttcatgcagcgttaccatgatgttatttcttcatttggaggtaaaacctcttatgacgctgacaaccgtcctttacttgtcatgcg  cctgattagcggcgttgacagatggatccatctgaatgcaatgaagaaaaccaccattaccagcattaaccgtcaaactatcaaaatataacgttgacgatgtagctttaggtgtctgtaaaacaggtgccgaagaagctggagtaa  tattttgcaagctatttaactggcggcgattgcgtacccgacgaccaaaattagggtcaacgctacctgtaggaagtgtccgcataaagtgcaccgcatggaaatgaagacggccattagctg  tcttgattaagctcattagggttagcctcggtacggtcaggcatccacggcgctttaaaataggtgttatagatattcaaataaccctgaaacaaatgcttagggattttattggtatcagggttaatcgtgccaagaaaagcggcatggtcaatataaccagtagtgttaa  catcgtcaacgttatattttgatagtttgacggttaatgctggtaatggtggttttcttcattgcattcagatggatacatctgtcaacgccgctaatcaggttgtttctgttggtgctgatattg  caaataatctctttaataacctgattcagcgaaaccaatccgcggcatttagtagcggtaaagttagaccaaaccatgaaaccaacataaacattattgcccggcgtacggggaaggacgtcaa  cccatgcctacagtattgttatcggtagcaagcacatcaccttgaatgccaccggaggcggctttttgaccgcctccaaacaatttagacatggcgccaccagcaagagcagaagcaataccgccagcaatagcaccaaacataaa  cctgtaggaagtgtccgcataaagtgcaccgcatggaaatgaagacggccattagctgtaccatactcaggcaca  agaaacgcggcacagaatgtttataggtctgttgaacacgaccagaaaactggcctaacgacgtttgg  ctcgacgccattaataatgttttccgtaaattcagcgccttccatgatgagacaggccgtttgaatgttga  ttagagaacgagaagacggttacgcagttttgccgcaagctggctgctgaacgccctctta  tgatttcgattttctgacgagtaacaaagtttggattgctactgaccgctctcg  gttcttggtcagtatgcaaattagcataagcagcttgcagacccataatgtcaatagatgtggtagaagtcgtcatttggcgagaaagctcagtctcaggaggaagcggagcagtccaaatgtttttgagatggcagcaacggaaaccataacgagcatcatcttgattaagctcattagggttagcctcggtacggtcaggcatccacggcgctttaaaatagttgttatagatattcaaataaccctgaaacaaatgcttagggattttattggtatcagggttaatcgtgccaagaaaagcggcatggtcaatataaccagtagtgttaa  cagtcgggagaggagtggcattaacaccatccttcatgaacttaatccactgttcaccataaacgtgacgatgagggacataaaaagtaaaaatgtctacagtagagtcaatagcaaggccacggcgcaatggagaaagacggagagcgccaacggcgtccatctcgaaggag  ttctgcgtcagtaagaacgtcagtgtttcctgcgcgtacacgcaaggtaaacgcgaacaattcagcggctttaaccggacgctcgacgccattaataatgttttccgtaaattcagcgccttccatgatgagacaggccgtttgaatgttgacgggatgaacataataagcaatgacggcagcaataaactcaacaggagcaggaaagcgagggtatcctacaaagtccagcgtaccataaacgcaagcctcaacgcagcgacgagcacgagagcgg  tcagttccatcaacatcatagccagatgcccagagattagagcgcatgacaagtaaagg  caaataatctctttaataacctgattcagcgaaaccaatccgcggcatttagtagcgggaaagttagaccaaaccatgaaaccaacataaacattattgcccggcgtacggggaaggacgtcaa  agggttaggaacattagagccttgaatggcagatttaataccagcatcacccatgcctacagtattgttatcggtagcaagcacatcaccttgaatgccaccggaggcggctttttgaccgcctccaaacaatttagacatggcgccaccagcaagagcagaagcaataccgccagcaatagcaccaaacataaatcacctcacttaagtggctggagacaaataatctctttaataacctgattcagcgaaaccaatccgcggcatttagtagcggtaaagttagaccaaaccatgaaaccaacataaacattattgcccggcgtacggggaaggacgtcaa  ttttattggtatcagggttaatcgtgccaagaaaagcggcatggtcaatataaccagtagtgttaacagtcgggagaggagtggcattaacaccatccttcatgaacttaatccactgttcaccataaacgtgacgatgagggacataaaaagtaaaaatgtctacagtagagtcaatagcaaggccacgacgcaatggagaaagacggagagcgccaacggcgtccatctcgaaggag  ttggaccggcgcaagacggaccagagcgaaagcatttgccaagaatgttttcattaatcaagaacgaaagtcggaggttcgaagacgatcagataccgtcgtagttccgaccataaacgatgccga  taataagcaatgacggcagcaataaactcaacaggagcaggaaagcgagggtatcctacaaagtccagcgtaccataaacgcaagcctcaacgcagcgacgagcacgagagcggtcagtagcaatccaaactttgttactcgtcagaaaatcgaaatcatcttcggttaaatccaaaacggcagaagcctgaatgagcttaatagaggccaaagcggtctggaaacgtacggattgttcagtaa  agtggtcggcagattgcgataaacggtcacattaaatttaacctgactattccactgcaacaactgaacggactggaaacactggtcataatcatggtggcgaataagtacgcgttcttgcaaatcaccagaaggcggttcctgaatgaatgggaagccttcaagaaggtgataagcaggagaaacatacgaaggcgcataacgataccactgaccctcagcaatcttaaacttcttagacgaatcaccagaacggaaaacatccttcatagaaatttcacgcggcggcaagttgccatacaaaacagggtcg  tgggaagccttcaagaaggtgataagcaggagaaacatacgaaggcgcataacgataccactgaccctcagcaatcttaaacttcttagacgaaacaccagaacggaaaa  tttggaggcggtcaaaaagccgcctccggtggcattcaaggtgatgtgcttgctaccgataacaatactgtaggcatgggtgatgctggtattaaatctgccattcaaggctctaatgttcctaaccctgatgaggccgtccctagttttgtttctggtgctatggctaaagctggtaaaggacttcttgaaggtacgttgcaggctggcacttctgccgtttctgataagttgcttgatttggttggacttggtggcaagtctgccgctgataaaggaaaggatactcgtgattatcttgctgctgcatttcctgag  ccgcggttctattttgttggttttcggaactgaggccatgattaagagggacggccgggggcattcgtattgcgccgctagaggtgaaattc  caagagtaaacatagtgccatgctcaggaacaaagaaacgcggcacagaatgtttataggtctgttgaacacgaccagaaaactggcctaacgacgtttggtcagttccatcaacatcatagccagatgcccagagattagagcgcatgacaagtaaaggacggttgtcagcgtcataagaggttttacctccaaatgaagaaataacatcatggtaacgctgcatgaagtaatcacgttcttggtcagtatgcaaattagcataagcagcttgcagacccataatgtcaatagatgtggtagaagtcgtcatttggcgagaaagct  ctgttcaaccactaataggtaagaaatcatgagtcaagttactgaacaatccgtacgtttccagaccgctttggcctctattaagctcattcaggcttctgccgttttggatttaaccgaaga  cttcccaagaagctgttcagaatcagaatgagccgcaacttcgggatgaaaa  taccttaacgctaaaggtgctttgacttataccgatattgctggcgaccctgttttgtatggcaacttgccgccgcgtgaaatttctatgaaggatgttttccgttctggtgattcgtctaagaagtttaagattgctgagggtcagtggtatcgttatgcgccttcgtatgtttctcctgcttatcaccttcttgaaggcttcccattcattcaggaaccgccttctggtgatttgcaagaacgcgtacttattcgccaccatgattatgaccagtgtttccagtccgttcagttgttgcagtggaatagtcaggttaaatttaatgtga  tcttgattaagctcattagggttagcctcggtacggtcaggcatccacggcgctttaaaatag  tctgagtccgatgctgttcaaccactaataggtaagaaatcatgagtcaagttactgaacaatccgtacgtttccagaccgctttggcctctattaagctcattcaggcttctgccgttttg  catcagaaatatccgaaagtgttaacttctgcgtcatggaagcgataaaactctgcaggttggatacgccaatcatttttatcgaagcgcgcataaatttgagcagatttgtcgtcacaggttgcgccgccaaaacgtcggctacagtaa  ccactgaccaaatcaaagaaatgactcgcaaggttagtgctgaggttgacttagttcatcagcaaacgcagaa  cttcatgcagcgttaccatgctgttatttcttcatttggaggtaaaacctcttatgacgctgacaaccgtcctttacttgtcatgcg  ccagcaatatcggtataagtcaaagcacctttagcgttaaggtactgaatctctttagtcgcagtaggcggaaaacgaacaagcgcaagagtaaacatagtgccatgctcaggaacaaagaaacgcggcacagaatgtttataggtctgttgaacac  tccatgcggtgcactttatgcggacacttcctacaggtagcgttgaccctaattttggtcgtcgggtacgcaatcgccgccagttaaatagcttgcaaaatacgtggccttatggttacagtatgcccatcgcagttcgctacacgcaggacgctttttcacgttctggttggttgtggcctgttgatgctaaaggtgagccgcttaaagctaccagttatatggctgttggtttctatgtggctaaatacgttaacaaaaagtcagatatggaccttgctgctaaaggtctaggagctaaagaatggaacaactcactaaaaaccaagctgtcgcta  tatgccgcatgacctttcccatcttggcttccttgctggtcagattggtcgtcttattaccatttcaactactccggttatcgctggcgactccttcgagatggg  tgccggttggatacgccaatcatttttatcgaagcgcgcataaatttgagcagatttgtcgtcacaggttgcgccgccaaaacgtcggctacagtaa  ttttcgtgatattggtcgtatggttcttgctgccgagggtcgcaaggctaatgattcacacgccgactgctatcagtatttttgtgtgcctgagtatggtacagctaatggccg  cctgtaggaagtgtccgcataaagtgcaccgcatggaaatgaagacggccattagctgtaccata  tattctggcgtgaagtcgccgactgaatgccagcaatctctttttgagtctcat  aggatattcgcgatgagtataattaccccaaaaagaaaggtattaaggatgagtgttcaagattgctggaggcctccactatgaaatcgcgtagaggctttgctattcagcgtttgatgaatgcaatgcgacaggctcatgctgatggttggtttatcgtttttgacactctcacgttggctgacgaccgattagaggcgttttatgataa  ccgcagctaacgcattaagcactccgcctggggagtacggccgcaaggttg  ccagcaatatcggtataagtcaaagcacctttagcgttaaggtactgaatctctttagtcgcagtaggcggaaaacgaacaa Figure 11 . Heatmap of markers occurrences across samples for periodontal disease.
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Due to the alignment-and reference free nature, DiTaxa can efficiently run on large datasets. The full analysis of a large 16S rRNA dataset of 1359 samples required ≈1.5 hours, where the standard pipeline took ≈6.5 hours with the same number of cores (20 cores). Although on smaller datasets the conventional workflow was faster than DiTaxa, the run-time difference of less than 30 minutes for those settings is worth the performance gain in phenotype prediction and biomarker detection. The applications of NPE representation are not limited to 16S rRNA data and it can be also applied to shotgun metagenomics or any other biological sequences to infer intrinsic features from data, instead of using parameter-dependent representations. To conclude, while OTU-based methods are proper for alpha and beta diversity analysis, DiTaxa seems to be a better solution for biomarker and phenotype detection contributing to obtain a better understanding of abundant microbial organisms in diseases enabling better screening procedures.
